A community food environment plays an essential role in explaining the healthy life-style 11 patterns of its community members. However, there is a lack of compelling quantitative approaches 12 to evaluate these environments. This study introduces and validates a new tool named the Facility 13 List Coder (FLC), whose purpose is to assess food environments based on data sources and 14 classification algorithms. Using the case of Mataró (Spain), we randomly selected 301 grids areas 15 (100 m2) where we conducted street audits in order to physically identify all the facilities by name, 16 address and type. Then, audit-identified facilities were matched with those automatically-identified 17 and were classified using the FLC in order to determine its quality. Our results suggest that 18 automatically-identified and audit-identified food environments have a high level of agreement.
schools stands up. However, the lack of information on the number and type of facilities in this city 101 has obstructed the analysis of the influence of food environment on nutritional outcome (13).
102
Secondary Data: Introducing the Facility List Coder (FLC) 103 104
The FLC is an open source tool developed in Python 3.7 that combines GIS analysis with 105 standard data techniques. In the present text, the term 'facility' is used to name any installation, 106 equipment or place that could be an element of interest when assessing community food 107 environments. Besides other GIS-based solution (11, 12) , the FLC collects geographical information 108 and facility characteristics from two main GIS search-engines that are available on-line (Google Maps 109 and Open Street Maps) performing a spatial query around a pre-defined zone around a centroid (e.g. 110 homes or schools), then information is classified based on the meta-data available for each location 111 based on a comprehensive, multi-language list of key words that allows for the categorization of each 112 facility. These data sets are built utilizing the concept of nodes (or places), which include any 113 geographical objects, such as bridges, street lights, stores, schools, parks, among others. Besides the 114 geographical location, each place provides different types of information like their description, 115 characteristics, offers, among others. This information is a combination of self-reported data by users 116 and centrally collected information by each company or organization.
117
Thereby, the FLC performs a spatial query, retrieving all types of facilities present in a pre-118 defined zone (e.g. buffer around an interest point or any geographic object). In the case of Google
119
Maps, we used the API that offers a low-cost and very efficient spatial query. For Open Street Map, 120 we implement a spatial query taking all nodes that could be classified as facilities. In order to avoid, 121 duplicates, FLC perform different techniques based on location as well as all available metadata for 122 each location. Once the complete list of facilities is obtained, each facility (e.g. convenience food store, 123 bar, bakery, etc.) is automatically classified using the meta-data available in each data set. We have 124 built a comprehensive, multi-language list of key words that allows for the categorization of each 125 facility into four types: (i) fast-food restaurants, (ii) bars/restaurants, (iii) supermarkets, and (iv) 126 convenience stores and others. These categories can be modified in order to fulfill the specific needs 
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Based on this buffer zone, we built a simple random sample using a 95% confidence level, with 152 a finite population. In order to estimate the sample size, we used the FLC results to define the 153 Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 7 August 2019 doi:10.20944/preprints201908.0098.v1 5 of 13 expected proportion and variance with a 95% confidence level. In total, 301 grids were randomly 154 chosen (22% of the total). Figure 
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The physical verification test allowed us to find three types of facilities: (i) those facilities that 168 were found using the FLC, but that were not physically present (false positives); (ii) facilities that 169 exist, but were not identified by the FLC (false negatives); and (iii) those that were identified using 
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The Bland-Altman diagram provides a first glance at the pattern of agreement between the two 216 methods (see Figure 5 ). As we pointed out, we observed a high level of agreement between the two 217 methods for the total number of facilities per grid. However, we did find an important disagreement 218 between the FLC and the field work results on those grids with the two largest numbers of facilities 219 (9 and 10). After checking manually, we found that these differences were mainly due to how local 220 food markets were counted: they were treated as single facilities during the field work, yet the FLC 221 coded each facility located within the markets. 
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The ICC estimates and their 95% confidence intervals for the overall sample indicated that the 228 level of reliability is in the range of good to excellent. When we corrected the data for the local markets,
229
our results got an excellent reliability index using the ICC, which were in any case always above 0.9. 
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FLC has good to excellent reliability with respect to the street audit-hence, the FLC provides an 254 excellent source of information for studying food environments.
255
The FLC fulfills the five main requirements suggested by Wilkins et al. (2017b) for validating a 256 GIS-based approach to food environments: (i) food outlet data, (ii) extracting food outlets, (iii) 257 defining food outlet constructs, (iv) geocoding methods, and (v) access metrics. Information for GIS 258 search-engines is centrally managed by each company, yet they are often updated by users (food 259 outlet data). As a result of this spatial query, we retrieved all types of facilities present in a pre-defined 260 buffer zone. Since a spatial query is based on a pre-defined location, including particular search terms 261 (extracting food outlets) is not necessary. Once the complete list of facilities is retrieved, they are data sources for the United Kingdom through street audit verification, concluding that these two 282 secondary data sets provide a good view of the actual state of food environments. Nonetheless, 283 utilizing a 'gold standard' is not always possible as it is often demanding financially as well as time-
284
wise. In these cases, the FLC contributes good to excellent reliability and might offer a complementary 285 data source for researchers so they can have a benchmark with which to validate or complement their 286 initial results using the additional information for food environments.
287
Sociodemographic dimensions could trigger effects of any food environment on health 288 outcomes (5) . Former studies have shown that low-income families are more likely to be affected by 289 their surrounding food environment (7, 24 
338
Therefore, the FLC and S-VAT, rather than being equivalent tools, complement one another. 
